cell migration through 3D extracellular matrices (ecMs) is crucial to the normal development of tissues and organs and in disease processes, yet adequate analytical tools to characterize 3D migration are lacking. the motility of eukaryotic cells on 2D substrates in the absence of gradients has long been described using persistent random walks (prWs). recent work shows that 3D migration is anisotropic and features an exponential mean cell velocity distribution, rendering the prW model invalid. Here we present a protocol for the analysis of 3D cell motility using the anisotropic prW model. the software, which is implemented in MatlaB, enables statistical profiling of experimentally observed 2D and 3D cell trajectories, and it extracts the persistence and speed of cells along primary and nonprimary directions and an anisotropic index of migration. Basic computer skills and experience with MatlaB software are recommended for successful use of the protocol. this protocol is highly automated and fast, taking <30 min to analyze trajectory data per biological condition. MSD, the velocity autocorrelation function (ACF), the probability density function of cell displacements (PDF-dRs), the probability density function of angular displacements (PDF-dθ) and the velocity profiles at different orientations (dR(θ); see glossary in Box 1 for further information). Measurements of these statistical functions are not properly described by the PRW model, not even qualitatively 27 . Rather, HT-1080 cells in a 3D matrix exhibit an exponential-like distribution of cell displacements instead of the predicted Gaussian distribution 27 . We further demonstrated that individual cells, both on 2D substrates and inside 3D matrices, display highly variable motility patterns, which requires the incorporation of cell heterogeneity (i.e., cell-to-cell variations) in cell motility models. The incorporation of cell heterogeneity into the PRW model is sufficient to fully explain the exponential distribution of cell displacements on 2D surfaces 27 .
IntroDuctIon
Cell migration is a basic cell function that underlies life. Eukaryotic cell migration is a complex process that is tightly regulated through hierarchical molecular pathways, and it is crucial to the normal development of organs and tissues [1] [2] [3] . Onset of migration in an adult organism or ill-regulated cell motility are often associated with human diseases, including cancer metastasis 4, 5 , immunological responses 6 and wound healing 7 . An increasing amount of basic and translational research relies on cell motility assays to obtain information about changes in cell migration in response to chemical, mechanical and genetic perturbations. Hence, a rigorous protocol to analyze the experimentally measured cell migratory patterns is crucial.
Cell motility is a stochastic process, and extraction of relevant parameters that fully describe this motility relies on understanding random patterns of cell movements, which are typically measured under time-resolved light microscopy. In the absence of symmetry-breaking gradients (such as directed cell migration toward chemoattractant sources), the motility of bacteria and eukaryotic cells has long been described in terms of random walk statistics. The PRW model has been widely used to characterize eukaryotic cell motility on flat 2D dishes. This model describes the trajectory of cells as a succession of uncorrelated movements of duration equal to the persistence time. From fits of the mean-squared displacements (MSDs) of the cells with the PRW model [8] [9] [10] [11] [12] , 2D motility would be fully characterized with just two parameters: cell speed and persistence time.
However, fits of MSDs do not rigorously test several underlying assumptions of the PRW model. These assumptions include the following: a Gaussian distribution of velocities, an exponential decay of the velocity correlation function, an isotropic velocity field and a flat distribution of angles between cell movements at long time scales 13 . There is a practical challenge to testing these assumptions directly at the single-cell level: the inherently limited time span of a cell, which is equal to its cell cycle. An alternative test of the assumptions that underlie the PRW model has been to obtain statistical characteristics of cell motility from populationaveraged MSD profiles to obtain the required resolution. However, recent motility studies have shown that, even at the ensembleaveraged level, a Gaussian distribution of velocity does not occur for a wide range of cell types crawling on 2D substrates [14] [15] [16] , thus questioning the validity of the PRW model to analyze cell migration, even on 2D substrates.
Aside from this dilemma, accumulating evidence suggests that cell migration in 3D ECM, a more physiologically relevant condition, requires mechanisms of force generation, cell-matrix adhesion and signaling pathways that are distinct from those required for 2D migration [17] [18] [19] [20] [21] [22] [23] . Mesenchymal cell migration in vivo often forces cells to remodel, exert pulling forces on and move through a 3D collagen I-rich matrix, the main structural protein of connective tissues 24 . Migration on 2D collagen-coated dishes is driven by actomyosin contractility of stress fibers between large focal adhesions and the formation of a wide lamellipodium terminated by thin filopodial protrusions at the leading cellular edge 3, 25 . The same cells in a collagen-rich 3D matrix display highly dendritic pseudopodial protrusions that rely both on actomyosin contractility and microtubule dynamics 19, 26 . Further, 3D cell migration is tightly associated with the expression of metalloproteinases 26 and physical properties of the 3D matrix 5, 18, 19 , which are dispensable in 2D migration.
Despite the fact that cells adopt fundamentally different strategies to migrate on 2D substrates and in 3D matrices, the PRW model is frequently used to analyze the patterns of migration in 3D matrix because a suitable model for 3D cell migration has been lacking. This paper provides a detailed protocol for analyzing cell migration in 2D and 3D microenvironments.
Development of the protocol
In recent work 27 , we rigorously examined the stochastic motility of HT-1080 human fibrosarcoma cells embedded in 3D collagen matrices using a set of statistical functions, including the MSD, the velocity autocorrelation function (ACF), the probability density function of cell displacements (PDF-dRs), the probability density function of angular displacements (PDF-dθ) and the velocity profiles at different orientations (dR(θ); see glossary in Box 1 for further information). Measurements of these statistical functions are not properly described by the PRW model, not even qualitatively 27 . Rather, HT-1080 cells in a 3D matrix exhibit an exponential-like distribution of cell displacements instead of the predicted Gaussian distribution 27 . We further demonstrated that individual cells, both on 2D substrates and inside 3D matrices, display highly variable motility patterns, which requires the incorporation of cell heterogeneity (i.e., cell-to-cell variations) in cell motility models. The incorporation of cell heterogeneity into the PRW model is sufficient to fully explain the exponential distribution of cell displacements on 2D surfaces 27 .
However, we also showed that, even when including cell-to-cell variations, the PRW model did not properly describe cell motility in 3D ECM matrices, not even qualitatively. On the basis of the morphology of 3D trajectories, the angular displacements of cell movements and the velocity profiles over different orientations, we found that cell movements in 3D matrices were highly anisotropic instead of isotropic, as presumed by the PRW model.
Box 1 | Glossary
cell trajectory (R(t)): positions of a cell at different time points over the course of time t of observation. Usually, the time step between successive cell positions is a constant expressed in units of minutes.
re-aligned cell trajectory (R rot (t)): cell trajectory for which its x axis is aligned (rotated) onto its primary migration axis. The primary migration axis is identified using the SVD analysis of the velocities of the cell.
Mean-squared displacement (MsD): average displacements of a cell evaluated at different time lags. The time lag (also called time span or time scale) is a multiple of the time step. The MSD is the most common measure of random cell movements.
auto-correlation function of cell velocities (acF): ACF measures the correlation of cell velocities at different time lags (dt). A higher ACF value indicates that cell movements are more persistent. If a cell follows random walk statistics, then the ACF is ~0 for dt > 0. For PRW statistics, the ACF decays exponentially with an increment of dt.
probability density function of cell displacements (pDF-dr): occurrence or probability distribution of cell displacements. For random and PRWs, cell displacements follow a Gaussian distribution.
probability density function of angular displacements (pDF-d): occurrence of cell angular displacements (the orientation difference between consecutive cell velocities). This profile provides statistical information on how a cell decides its direction of movement. If the cell velocity is random, then the cell will have the same chance of angular displacement in any direction (0°-180°). If cell velocities are correlated in time (ACF > 0), then there is an elevated chance of angular displacements around an angle of 0°. If cell movements are restricted to one dimension or if they are spatially anisotropic, then there is an elevated chance of angular displacements along the 0° and 180° directions.
Velocity magnitude polarization profile (dr()): average magnitude of cell speed evaluated at different orientations after re-alignment along the primary migration direction. This function reveals the degree of anisotropy of cell velocities. If the velocity is isotropic, as in the case of a true random walk or a PRW, the average magnitude of cell speed is equally likely in all directions. If the velocity is anisotropic, as it is the case for 3D migration, the average magnitude along the primary migration direction is substantially higher than that along other directions. As a result, we introduced a new model, the anisotropic persistent random walk (APRW) model, to describe anisotropic cell movements in 3D matrices. We showed that the APRW model qualitatively and quantitatively describes the 3D cell motility for a wide range of collagen densities 27 .
Overview of the procedure
In this protocol, we describe in detail the general procedure used to analyze the migration of eukaryotic cells in 3D settings. We illustrate this procedure by analyzing the motility of HT-1080 human fibrosarcoma cells moving in a dense 3D collagen matrix, in the presence and absence of the actin-disassembly drug latrunculin B (Fig. 1) First, an evaluation of time invariance of motility processes is performed (Step 2). This is important, as quantities such as MSD, ACF and angular distributions of cell movements require cell motility to be time invariant to be meaningful and to be properly computed-i.e., microenvironmental cues cannot change during the experiments. As no sign of transient motility behavior is observed, the following statistical functions are computed from the time-dependent coordinates of the cells (i.e., the cell trajectories; Steps 3-7): MSD, ACF, PDF-dR, PDF-dθ and dR(θ). We examine these different statistical functions to provide the most rigorous analysis of cell motility. It is to be noted that even though there are many conditions that are not tested by our study, motility statistical profiling (Steps 3-7) can be used to characterize cell migration for any cell type. To test whether the PRW model fits the experimentally observed cell trajectories, individual MSD profiles are first fit with the PRW model to obtain the corresponding persistence (P) and speed (S) for each tracked cell (Step 8). PRW simulations of trajectories using these fitted P and S parameters are then performed (Step 9). To determine whether the PRW model accurately describes the experimental cell trajectories, the same set of statistical tests are then performed (MSD, ACF, PDF-dR, PDF-dθ and dR(θ)) on simulated trajectories and compared with the ones that are directly derived from the experimental cell trajectories (Step 10). A similar procedure is used to determine whether the APRW model properly describes cell trajectories. First, individual MSD profiles are fit with the APRW model to obtain the APRW model parameters for each tracked cell (Steps 11-13). These parameters are then used to simulate cell trajectories using the APRW model 27 (Step 14) . If the APRW model correctly describes the experimental cell trajectories, the computer-simulated cell trajectories should show similar morphology. Further, statistical profiling of the computer-generated cell trajectories (MSD, ACF, PDF-dR, PDF-dθ and dR(θ); Step 15) shows both qualitative and quantitative agreement with those obtained from the observed cell trajectories (Step 16). Calculation of the root-mean-squared error (RMSE) and/or R 2 value is used for the quantitative evaluation of the goodness of fit with the two different models (Step 17) . If the APRW model properly describes the cell trajectories and their associated statistical profiles, the persistence time (P p , P np ) and diffusivity (D p , D np ) along both the primary and nonprimary directions of migration and the anisotropic index of migration (Φ) can be calculated to quantitatively characterize the observed cell motility patterns. Steps for the computation of these parameters are described in detail in the PROCEDURE section.
Application of methods and limitations
The APRW model was developed to describe and characterize the polarized cell motility observed in 3D cell migration in the absence of symmetry-breaking gradients such as chemical and electric gradients 27 . We have tested this analysis for a wide range of conditions, including different ECM densities 27 and molecular perturbations using the actin cytoskeleton-disrupting drug latrunculin B and the myosin II inhibitor blebbistatin. The APRW model also describes the nonpolarized migration of cells on 2D substrates, and in this case a low value of the anisotropic index (an index of anisotropic cell movements) is expected 27 . The APRW model may not be applied to the study of chemotaxis and durotaxis, as in this type of study the cells are subjected to symmetry-breaking gradients. However, statistical functions of the cell trajectories extracted through the protocol (Steps 3-7) can provide essential information about cell motility even in these scenarios. One inherent limitation of the APRW model is that it can only apply to 2D and 3D trajectories but not to pure 1D trajectories. However, 1D-like cell trajectories under a 2D observation system are still applicable. For example, the APRW analysis will work for the study of cell migration inside microchannels 28, 29 and on linear adhesive patterns 18 in which cells are only allowed to migrate in a specific direction. By applying the APRW model to this type of study, the information extracted from the primary migration direction corresponds to the migration along the direction in which the cells are not confined. The information obtained along the nonprimary direction of migration is less relevant. In general, obtaining the statistical profiles (MSD, ACF, PDF-dR and so on) of cell trajectories (Steps 3-7) is applicable to all kinds of trajectory data to provide insightful information from cell trajectories.
The analysis in this manuscript is performed using 2D trajectories of the cells migrating in 3D collagen I matrices. It is to be noted that obtaining 3D cell trajectories will certainly provide a more accurate description of cell migration. However, as a vast majority of studies measure cell trajectories in 2D (even for migration inside 3D matrices) 30, 31 , we have shown that the 2D APRW model can fit well the 3D motility profiles, and it can be used to compare migration parameters across different conditions 27 . However, absolute value of migration parameters in the 3D system may be underestimated by the projected 2D trajectory.
One basic assumption for applying the PRW and APRW models is that cell motility is time invariant. Model-fitted results are not valid if cell speed shows large transients, regardless of the goodness of the fit. For example, studies of cell motility under a timechanging chemotactic gradient or osmotic shock are not suitable to apply this analysis. The quality and reliability of cell velocity analysis is also highly dependent on the image acquisition procedures. If one uses a motorized stage during image acquisition, the vibrations or drift of that stage will translate into apparent cell movements 27 . If stage vibration is negligible, then the tracked cell trajectories can be directly used for the analysis without correction. However, if stage vibration is substantial, then a process that can eliminate or greatly reduce the effect of a moving stage should be incorporated. A common correction method consists of tracking stagnant objects (fiduciary markers) in the field of view and using the relative coordinates of these objects to correct the computed coordinates of the cells.
Comparison with other methods
One straightforward and commonly used method for characterizing cell motility is cell speed (displacement/time lag) 32, 33 . However, cell motility is a stochastic process, and hence cell speed depends on the choice of time lag. The use of cell speed to characterize cell migration may lead to meaningless comparisons among different experimental results collected at different time lags.
Furthermore, the spatial resolution for cell positions also affects the computation of cell speed from trajectories. The positioning noise can cause an overestimation of cell speed 34, 35 . This may potentially cause misinterpretation of trajectories. In our APRW model analysis, we not only consider the effect of positioning noise but also extract parameters that are independent of time lag. Hence, the analysis of cell motility using the APRW model is more rigorous and comprehensive than a direct comparison of cell speed for different cellular conditions. Once the computation is complete, another window will appear in which the user will specify the filename and destination to output results to an Excel file. In the exported file, the ensemble-averaged cell velocity at a different time is saved under the sheet name 'mean velocity over time' .
MaterIals

EQUIPMENT
3|
Compute the MSD from the cell trajectories. The MSD of individual trajectories (i.e., the time-dependent x and y coordinates of each cell centroid) at different time lags is computed from the following equation where τ = n ∆t and n = 1,2, … N min −1, and ∆t is the time step size in trajectories acquisition. Use the code 'get_MSD.m' to obtain MSDs from the cell trajectories. Select the cell trajectories file, specify trajectory time step size (∆t) and assign the output file for MSD results following the pop-up window. A figure will display the results of the ensemble-averaged MSD profile among all cell trajectories. In the exported MSD file, 
To obtain the velocity ACF, run the code 'get_ACF.m' . Select the cell trajectories file, specify the trajectory time step size (∆t) and assign the output file for ACF results following the pop-up windows. A figure will appear that shows the ensemble-averaged ACF profile for all the cell trajectories. By default, dt is set to ∆t to compute dx and dy. Note that the intrinsic noise present in the tracked cell positions results in the overestimation of ACF(0) and the underestimation of ACF(dt) by an amount that is proportional to the variance of the noise 27 . Therefore, ACF data at n = 0 and n = 1 are not included in the ACF profiles. Furthermore, the ACF is normalized by ACF(2 dt).
? trouBlesHootInG 5| Obtain the PDF-dR. Cell displacements at a time lag of dt along the x and y axis were obtained using the equation described in Step 3. Absolute values of displacements along both the axes are used to extract the PDF-dRs. To assess the PDF-dR of cell trajectories, run the code 'get_dR_PDF.m' . Select the cell trajectories file, specify time lag (dt, in units of frame) for calculating displacements and assign the output file for results of PDF-dR following the pop-up windows. A figure will appear that shows the results of the ensemble-averaged PDF-dR profile among all the cell trajectories.
6|
Obtain the PDF-dθ. Angles between two consequent steps of movements were calculated using the following formula:
To assess the PDF-dθ of cell trajectories, run the code 'get_dtheta_PDF.m' . Select the cell trajectories file and assign the output file for results of PDF-dθ following the pop-up windows. A figure will appear that shows the results of the ensembleaveraged PDF-dθ profile among all the cell trajectories. By default, dt is set as ∆t, 10∆t and 40∆t, and the number of bins between 0° and 180° to calculate the distribution of dθ is set at 6.
7|
Obtain the velocity magnitude polarization profile (dR(θ)). First, determine the primary migration direction for each of the migratory trajectories of individual cells (R) by applying a singular value decomposition (SVD) to the velocity matrix of individual cells ( M ) 27 , i.e. Here U is the matrix of eigenvectors of the product MM*, V* is the matrix of eigenvectors of the product M*M, λ represents the singular values of the matrix M and * denotes the transposed matrix. The first and the second eigenvectors of V* correspond to the primary migration axis (  p) and nonprimary migration axis (np   ), respectively.
M U V
Re-aligned coordinates of individual cell trajectories (R rot ) along the primary migration direction and nonprimary migration direction are obtained by R rot = RV*, so that the movements along the  p and np   axes of R become the x and y axes of R rot . The average cell velocity magnitude along different orientations is computed from the re-aligned coordinates. Cell velocity is further normalized by the mean velocity.
To obtain the velocity magnitude polarization profile, use the code 'get_dR_polarity.m' . Select the cell trajectories file, specify time lag (dt) and assign the output file for results of dR(θ) following the pop-up windows. A figure will appear that shows the results of the ensemble-averaged dR(θ) profile among all the cell trajectories. By default, dt is set to ∆t, the time step size, to calculate the velocity matrix of the cell ( M ), and the number of bins between 0° and 180° to calculate the distribution of dθ is set at 20. 
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where S is the cell speed, P is its persistence time and 4σ 2 is the noise (error) in the position of the cell.
We have developed the following procedure to perform the fitting of the PRW model. A weighting function (W) is designed to compensate for the loss of resolution in the computation of MSDs for increasing time lag, and it is given by W n n t n n N n 27 . For each individual fitted set of P and S values, repetitive simulations of trajectories are performed for improved resolution in the estimation of the statistical functions. By default, 20 repeated simulations are used for a given individual cell trajectory. ? trouBlesHootInG 10| Obtain the statistical characteristics from the computer-simulated PRW trajectories by repeating Steps 2-6, but by selecting the file of simulated PRW trajectories from Step 9. ? trouBlesHootInG Fitting of cell trajectories to the aprW model • tIMInG 1-3 min 11| Obtain the APRW fitting parameters from individual cell trajectories. Identify primary migration direction and nonprimary migration direction of individual cell trajectories through SVD analysis of the cell velocities, as described in
Step 7. Next, re-align the cell trajectories to their primary and nonprimary directions (i.e., R rot (t) = (x rot (t), y rot (t))). Note that the primary migration direction is orthogonal to the nonprimary migration direction.
12|
Compute MSDs for each cell trajectory. MSDs along the primary and nonprimary migration directions are calculated using the following equations 
17|
Evaluate the goodness of model fits for the PRW and APRW models. Calculate RMSE and coefficient of determination (R 2 ) between the statistical profiles predicted by models and measured from experimental cell trajectories. The RMSE is calculated through the following formula
The coefficient of determination (R 2 ) is calculated using
These evaluations can apply to all aspects of motility statistical functions, including the ACF, PDF and so on.
? trouBlesHootInG Troubleshooting advice can be found in table 3. • tIMInG
Step 1, preparation of cell trajectory data, ~5-10 min Steps 2-7, characterization of statistical profiles of cell trajectories, ~1-3 min
Step 8 (Fig. 1a) and latrunculin B-treated HT-1080 cells (Fig. 1b) . Trajectories were artificially equally positioned on a grid for ease of visualization. Latrunculin B binds actin monomers, which prevents their re-incorporation into filaments, promoting rapid actin filament disassembly in cells. As expected, given the crucial role of actin filament assembly in cell migration, latrunculin B-treated cells migrated less than control cells, as directly apparent from visual inspection of cell trajectories. Accordingly, the MSDs of latrunculin Btreated cells were lower than those of control cells (Fig. 1c) . Latrunculin B-treated cells also showed lower occurrence of large displacements from the PDF-dRs at a time lag of 20 min (Fig. 1d) . Control HT-1080 cells displayed slower decay in their ACF of cellular movements than latrunculin Btreated cells (Fig. 1e) , suggesting that latrunculin B treatment affects the persistence of HT-1080 cells.
HT-1080 cells with and without latrunculin B treatment also displayed distinct probably density functions of angular displacements (Fig. 1f,g ). The angular displacement distribution of latrunculin B-treated cells (Fig. 1g) was flatter than that of control cells (Fig. 1f) , which indicates that treated cells move in random directions. However, both conditions showed similar velocity profiles at different orientations relative to the primary migration axis (dR(θ); Fig. 1h ), suggesting that cell movements follow Figure 2 shows computer-simulated trajectories of cells obtained using parameters generated by the APRW (Fig. 3a,b) and PRW (Fig 3c,d ) models. The trajectories obtained using these two models are qualitatively similar to the cell trajectories observed experimentally (Fig. 1a,b) . Figure 3 compares the statistical functions generated by the APRW and PRW models with the experimental data. Quantification of the MSDs of the simulated trajectories generated by the APRW (green line) and PRW (light blue line) models match closely the experimental MSDs of control and latrunculin B-treated cells, as shown in Figure 3a ,b. Figure 3 also compares the PDF-dRs (Fig. 3c) , the ACF of cell velocities (Fig. 3d) , the angular distribution of cells (Fig. 3e,f) and the orientation of cell velocities relative to the primary axis (Fig. 3g) generated by the APRW model for control and latrunculin B-treated cells. Finally, Figure 3 compares the PDF-dRs (Fig. 3h) , the ACF of cell velocities (Fig. 3i) and the angular distribution of cells (Fig. 3j,k) , as well as the orientation of cell velocities relative to the primary axis (Fig. 3l) generated by the PRW model for control and latrunculin B-treated cells. The APRW model describes the experimental data more accurately than the PRW model (Fig. 3c-l) . Figure 4 shows the various parameters that can be extracted from the APRW fits of the experimental data. Analysis of the mean persistent time of cell migration in the primary (Fig. 4a) and nonprimary (Fig 4b) axes of cell migration shows that control cells are more persistent than latrunculin B-treated cells. Similarly, the diffusivities of control cells are larger than for latrunculin B-treated cells (Fig 4c and d) along both the primary axis and the nonprimary axis of cell migration. The total diffusivity, defined as the sum of diffusivities along the primary and nonprimary axes, (g,h) Mean persistence time of cell migration obtained from PRW fits (g) and diffusivities of cells calculated as D S P = 2 2 (h). Error bars represent s.e.m., and one-way ANOVA was used to compute the statistical significance, which is shown in the graphs using the Michelin grade scale ***P < 0.001, **P < 0.01 and *P < 0.05.
gives an estimate of the speed of cells at long time scales (Fig. 4e) . The anisotropic index defined as the ratio of diffusivity in the primary axis over diffusivity in the secondary axis describes the degree of polarization of cell movements. As expected, the trajectories of the control cells are more polarized than the latrunculin B-treated cells (Fig. 4f) . table 2 summarizes the goodness of fits using the PRW model and the APRW model for 11 different conditions. Statistical profiles (MSD, ACF, PDF-dR 2min , PDF-dR 20min , PDF-dθ and dR(θ)) predicted by the two models were compared with experimental results, and R 2 values were computed to evaluate the goodness of fits. The APRW model describes well all tested statistical profiles (R 2 > 0.5) for eight conditions (including 2D, 3D and three different types of cells). The APRW model accurately describes all statistical profiles except the ACF for HEY cell migration (R 2 = −0.52) on 2D substrates, the dR(θ) for Jurkat T cell migration (R 2 = −0.35) on 2D substrates and the PDF-dθ (R 2 = −0.08) for DU-145 cell migration in 2 mg/ml collagen matrices. On the other hand, the traditional PRW model better describes cell migration on 2D substrates. Moreover, neither the PRW nor the APRW model accurately describe the 2D motility of HEY cells and Jurkat T cells. 
